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data mining; expression microarray; tissue-specific gene expression; gene function SOPHISTICATED BIOINFORMATICS expertise often seems necessary to extract meaningful insights from expression microarray data that has been deposited in the public domain. For example, Mootha and colleagues (5, 31) curated 1,426 microarray datasets and then performed a statistical screen for genes that show correlated expression with ones relevant to heme biosynthesis or oxidative phosphorylation. They discovered five essential and two regulatory genes for each process, respectively (5, 31) . More recently, Butte and colleagues (14, 43) identified drugs currently prescribed for other conditions that may be useful for lung cancer and inflammatory bowel disease. They crossreferenced 3,113 microarrays from 176 datasets that represent 100 diseases. Then they looked for drugs whose effect on genome-wide expression patterns in cultured cell lines is anticorrelated with characteristic gene expression patterns in the profiled diseases. Computational skills are not necessary to imagine interesting gene expression patterns, but they do seem a prerequisite to mine big data sets. For investigators who lack such skills, a simple data-mining solution could help provide leads that would be otherwise inaccessible. Therefore, we describe an approach and offer a database that allows an investigator, using Microsoft Excel or a similar spreadsheet program, to associate genes and physiological functions via comparisons of the relative tissue specificity of expression of a gene in multiple organs.
The relative specificity of expression of genes in a tissue was determined from datasets pooled from the Gene Expression Omnibus (GEO) (4, 15) . A rank-sum test was used to calculate a tissue-specificity rank statistic for each probe set, which represents a gene transcript, for each organ. A nonparametric method was chosen because the distribution of expression values, which is not necessarily normal and can be confounded by noise or technical differences between pooled datasets, need not be assumed (35, 49) . Up to hundreds of microarrays per organ and thousands for comparison between tissues in the body were utilized to calculate the rank statistics. The results were tabulated on a spreadsheet that could be searched for interesting patterns. Tissue-specific gene expression patterns in mouse, human, and rat have been described before using microarrays, but the surveys have typically included only a few replicates per organ, which limits the power to detect relative differences between tissues (16, 18, 46, 47, 54, 59) . Web-based portals permit simple queries of individual genes but not searches of genes that fit complex expression patterns (56, 59) .
Ranking genes genome-wide by their tissue specificity of expression enables more flexible, customized searches. Genes act in concert to execute a molecular function. Tissues that perform the function should more specifically express the relevant genes than ones that do not. This premise logically suggests bioinformatic screens and analyses that associate genes with functions. For example, candidate genes for a function may be defined by having rank statistic scores above or below threshold levels in tissues that respectively perform the function or not. Alternatively, one may want to determine which gene among a number of candidate genes, as may be found in a chromosomal interval mapped for a disease, is involved in the function of interest. The relative specificity of expression in the affected organ could help to prioritize genes for subsequent validation experiments.
To test the utility of the database prospectively, we developed bioinformatic screens for genes that regulate brown adipocyte gene expression. Brown adipose tissue (BAT), long known to generate heat in hibernating animals, newborns and small mammals, is now recognized for its presence and function in adult humans (12, 33, 34, 50, 53) . Under normal conditions, uncoupling protein 1 (Ucp1) is expressed predominantly in BAT but can be induced in the white adipose tissue (WAT) of animals exposed to the cold (3, 6, 10) . UCP1 uncouples mitochondrial oxidative phosphorylation to generate heat instead of ATP. BAT shares the abilities with WAT for fat uptake and with cardiac and skeletal muscle for energy production via abundant mitochondria. The transcriptional coactivator, PRDM16, is essential for the specification of BAT from a premyogenic, Myf5 ϩ lineage in the embryo and the induction of so-called brite or beige adipocytes from a Myf5 Ϫ lineage in adult WAT (19, 21, 32, 39 -41) . We hypothesized that additional genes involved in the regulation of BAT could be found by comparing tissue-specific gene expression patterns in WAT, BAT, and mitochondrial-rich organs like the heart. Through a series of bioinformatic screens and biologic experiments we identified estrogen-related receptor gamma (ESRRG) and sterol regulatory element binding transcription factor 1 (SREBF1) as transcriptional regulators of Ucp1 and other BAT markers.
METHODS
Data acquisition and processing. Via the GEO interface (http:// www.ncbi.nlm.nih.gov/geo/query/acc.cgi?accϭGPL1261), we downloaded 4,983 Affymetrix Mouse Genome 430A 2.0 microarray datasets (MG430Av2; Affymetrix, Santa Clara, CA; GEO platform accession GPL1261) in SOFT format. A custom Perl script parsed the SOFT file and assigned a source organ to each sample by matching a set of keywords for each organ to the sample source and the submitter's description fields. Computer-generated organ designations were manually confirmed. An overview of the microarray collection is shown (Fig. 1A) . Of the 4,983 microarrays in the collection, 2,538 were excluded because the biological samples were of unknown origin, fetal in origin, cultured cell lines, or derivatized, e.g., a subpopulation of cells purified from an organ, resulting in a set of 2,445 microarray datasets used in the tissue-specific gene expression analysis. Probe set annotations (release 30) in .csv format were downloaded from the Affymetrix NetAffx portal (http://www. affymetrix.com).
Statistical algorithm. To detect differential gene expression between two groups consisting of a total of m samples run on the same microarray platform, the meta-analysis algorithm first converted absolute fluorescence values (i.e., VALUE column from the SOFT formatted file) within each microarray sample into fluorescence ranks from 1 to n in order of decreasing brightness, where n is the number of probe sets represented on the microarray (Fig. 1B) . For samples with fewer than n fluorescence values reported, the fluorescence ranks were scaled to range from 1 to n. For each of the n probe sets, the algorithm ranked the fluorescence rank values in descending order across the m samples to determine expression ranks from 1 to m. A Wilcoxon rank-sum test was then applied to the expression rank values for the two groups being compared with generate a Z-score, where a greater absolute Z-score represents more significant differential expression between the two groups being compared. The sign of the Z-score indicates which of the two groups has higher relative expression of the gene as measured by the probe set. To assess tissue-specific expression, the samples from the tissue of interest are compared with all others that are not. The tissue-specificity rank of a gene was determined by ranking Z-scores generated by the rank-sum tests from the most negative to the most positive; a lower Z-score reflects greater tissue specificity.
Gene Ontology analysis. Gene Ontology (GO) biological process terms associated with the probe sets on the Affymetrix MG430Av2 microarray were extracted from the probe-set annotation file. The tissue specificity of a given GO term was determined by a rank-sum test. Probe sets from a tissue-specificity rank list for a particular organ were divided into two groups that were either annotated with the given GO term or not. The enrichment of the annotated group toward the top or the bottom of the rank list was described by the rank-sum test Z-score and P value. The enrichment of GO terms in a set of probe sets identified in the bioinformatic screen for potential BAT regulators was evaluated with GeneMerge (7). Significance thresholds were set at a false discovery rate of 5% for the GO analyses.
Cell culture. The OP9 preadipocyte cell line was a generous gift from Dr. Paul Hruz (Washington University School of Medicine, St. Louis, MO). The OP9 culture was maintained and differentiated into adipocyte-like cells as previously described (55) . The OP9 preadipocytes were transfected using Optifect (Invitrogen, Carlsbad, CA) as per the manufacturer's instructions. Transfected OP9 adipocytes were cultured for an additional 3 days after transfection and differentiation before harvesting. In pharmacologic experiments, differentiated OP9 cells were incubated with the PPARG agonist rosiglitazone ( Animal studies. We treated 12-wk-old female FVB/N mice with intraperitoneal injection of 4-OHT (25 mg/ml in sunflower seed oil and 10% DMSO) or vehicle once daily at 0.1 mg/g/day. The mice were placed in a 4°C room 6 h after the first injection. They received food and water ad libitum. The core temperature of each mouse was measured twice daily with a K-type thermocouple probe digital thermometer. Abdominal WAT and intrascapular BAT were harvested after 72 h of cold exposure. The experiments were approved by the animal studies committee at Washington University School of Medicine.
RNA isolation and quantitative PCR. RNA was isolated from the tissue samples using TRIzol (Invitrogen), according to the manufacturer's protocol. The precipitated RNA was resuspended in 175 l of RNA lysis buffer from the SV Total RNA Isolation Kit (Promega, Madison, WI) and purified according to the manufacturer's protocol. Total RNA from cultured cells were isolated with SV Total RNA Isolation Kit only. cDNA was synthesized from 2.5 g of total RNA using SuperScript VILO cDNA Synthesis Kit (Invitrogen) according to manufacturer's protocol.
Quantitative PCR of cDNA was performed in Cycler iQ system (Bio-Rad, Hercules, CA) or Mx3005P QPCR System (Stratagene, Santa Clara, CA) in a 40 l reaction containing iQ SYBR Green Supermix (Bio-Rad) and PCR primers at a final concentration of 200 nM. Primer sequences were designed with the PerlPrimer or obtained from PrimerBank (27, 44) . Primers were purchased from Sigma Aldrich or Integrated DNA Technologies (Coralville, IA). The primer sequences are available in the supplemental methods. 1 Relative mRNA expression was calculated using the ⌬⌬-Ct method and normalized to Hprt1. Student's t-tests were used to compare groups in the qPCR studies. The data are reported as means Ϯ SE.
RESULTS
Massive data mining ranks genes across the genome by their tissue specificity of expression. Although expression microarrays are perceived to be insensitive to differences among genes expressed at low levels, a nonparametric method could rank the tissue specificity of gene expression across a wide dynamic range. First, the fluorescence rank of a gene, as represented by a probe set, was determined in order of decreasing brightness for each microarray in the pooled dataset. Second, the expression rank of a gene was determined by ranking the fluorescence ranks across all the microarrays, which in turn were classified as being from the tissue of interest or not. Third, we performed rank-sum tests of the expression ranks for every gene in the two microarray groups. The analysis generates a Z-score that lends itself to genome-wide ranking of genes (Supplementary Table S1 ). Negative or positive Z-scores correspond to genes specifically or counterspecifically expressed in the tissue compared with all others. The term "counterspecific" is chosen so as not to imply active repression of gene expression in a tissue. The tissue-specificity rank of each gene derives from ranking the Z-scores. The analyses were performed on datasets from a single microarray platform so that cross-platform differences in probe-set performance would not confound the fluorescence rank relationships between genes (Fig. 1) . Examples of genes that are specific, counterspecific, or neither in the heart follow.
The transcription factor Nkx2-5 and cardiac actin isoform Actc1 are expressed almost exclusively in the heart (24, 29) . Consistent with their respectively low and high levels of expression, their median fluorescence ranks are 3,542 and 15 among the 45,101 probe sets in 175 profiles of postnatal murine hearts and 25,449 and 25,485 in 2,270 nonheart arrays (P Ͻ 1 ϫ 10 Ϫ101 for both genes, Fig. 1B ). From these data were calculated the specificity ranks. Nkx2-5 and Actc1 are ranked 89 and 11 in the heart but much lower in nonheart tissues (Fig. 1C) . Their Z-scores in the heart are Ϫ21.35 and Ϫ21.79, respectively.
At the opposite extreme, the fatty acid elongation protein Elovl5 is expressed at a much lower level in the heart than elsewhere (26) . The median fluorescence ranks of the gene are 4,485 and 1,404 in the heart and nonheart arrays (P Ͻ 1 ϫ 10 Ϫ101 , Fig. 1B ). The tissue-specificity rank of Elovl5 in the heart is 44,970 of 45,101 probe sets. The Z-score, 17.70, is large and positive, consistent with counterspecific expression of the gene in the heart (Fig. 1C) .
The ribosomal subunit Rplp0, also known as Arbp or 36B4, is expressed at comparable levels in diverse tissues (1) . The median fluorescence ranks of Rplp0 were 179 and 221 in the heart and nonheart arrays (P ϭ 1, Fig. 1B) . The gene has a tissue-specificity Z-score near zero in most organs, reflecting its ubiquitous and consistent level of its expression (Fig. 1C) .
Rarely is a gene expressed exclusively in a single organ. A limited pattern of expression can still be relatively tissue specific. The algorithm provides a means to judge relative specificity, as illustrated by the comparison of actin isoforms expressed in skeletal muscle. Skeletal ␣-actin, ACTA1, comprises Ն95% of the sarcomeric actin in skeletal muscle, whereas ACTC1 is a minor fraction (29) . Acta1 and Actc1 have specificity ranks of 68 and 1,031 among the 45,101 probe sets in skeletal muscle. Hence, Actc1 is more specifically expressed in muscle than other tissues except the heart (P Ͻ 1 ϫ 10 Ϫ34 , Fig. 1C) .
Genome-wide rankings of tissue-specific expression offer insights into gene and organ function. The expression pattern of a gene can offer insight into its function. Several observations suggest that our algorithm could offer similar insights. First, the tissue-specificity rank of a gene in each organ appears to correlate well with a function specific to the organ, as illustrated by the 10 transcription factors deemed most specific in 15 tissues (Fig. 2) . On average, mutation or knockout of ϳ6 of the 10 transcription factors is associated with a human disease or mouse phenotype related to the function of the gene in the tissue. Of course, tissue-specific genes that do not have a known mutant phenotype could still have a function. For example, myelin transcription factor 1-like (MYT1L) is the second most brain-specific transcription factor (P ϭ 4 ϫ 10 Ϫ274 , Fig. 2 ). Forced expression of Mytl1 and two other transcription factors, POU3F2 and ASCL1, can convert fibroblasts directly into neurons (51) . Pou3f2 and Ascl1 are highly brain specific too (P Ͻ 1 ϫ 10
Ϫ107
and Ͻ 1 ϫ 10 Ϫ17 , Supplementary Table S1 ; the least significant statistic of the two probe sets that represent each gene is presented). In combination with miR-9/9* and miR-124, MYT1L and ASCL1 potentiate the conversion of fibroblasts to neurons (58) .
The repertoire of genes expressed by an organ determines its functions, which suggests that the tissue-specificity ranks of genes could be adapted to predict organ functions. Based on the GO annotations for each gene, we performed a rank-sum analysis of biological processes according to their distribution on the tissue-specificity rank list of an organ. Perusal of the analyses shows that the specialized functions of an organ can be predicted from pooled microarray data (Fig. 3 insights may be gleaned. For example, the testis and ovary produce gametes and sex hormones. Consistent with their shared functions, there is substantial overlap of the statistically significant genes and biologic processes in the two gonadal organs (Figs. 2, 3 ). The analyses can even suggest less obviously shared genes or functions. Genes and GO terms related to immunity are expected for the spleen and thymus, but they are also enriched in the intestine, lung, and skin, thus highlighting their common function as a barrier against pathogens (Fig. 3 , Supplementary Tables S1 and S2) . ESRRG regulates brown adipocyte gene expression in white fat. The prior analyses of pooled microarray data revealed known tissue-specific genes and physiological processes. We next tested predictive utility based upon the premise that tissues that perform a common function utilize the same genes that are more specifically expressed in said tissues. We developed a bioinformatic screen for genes that could induce brown adipocyte gene expression in white adipose tissue in the context of two key facts. First, Prdm16 is a critical determinant of the brown fat phenotype (40) . Second, the heart and BAT are the most mitochondrial-rich tissues in the body, whereas WAT is mitochondrial poor. We defined genes whose expression is more specific to BAT and heart and more counterspecific to WAT than Prdm16 in each tissue. The screen yielded 104 probe sets, representing 97 unique genes (Fig. 4A , Supplementary Table S3 ). The set is enriched for genes whose products localize to the mitochondria (51% vs. 9.3% of all genes on the microarray, P ϭ 3.07 ϫ 10 Ϫ16 ; Fig. 4B ).
Among the 97 genes are seven known transcription factors in addition to Prdm16, which defined the threshold Z-scores in the screen. Ppargc1a (Pgc-1␣), which regulates mitochondrial biogenesis, was cloned from a brown adipocyte cDNA library (37, 57) . LRPPRC forms a transcriptional regulatory complex with Pgc-1␣ to regulate several mitochondrial genes (9) . CREB1 regulates the transition from brown preadipocytes to mature adipocytes (13) . CUX1 regulates the expression of Fto, mutations of which affect adiposity (45) . ESRRG regulates mitochondrial gene expression (2), but Esrrg, Whsc1, and Znf41, denoted as Riken cDNA 1700029I01, have no described function in adipocytes. Of note, 11% of the 97 genes are regulated directly or indirectly by ESRRG (2), whereas Ͻ1% of all genes on the microarray are (P ϭ 6.38 ϫ 10 Ϫ7 ). The increased mRNA expression of Esrrg in BAT relative to WAT was thus verified by quantitative RT-PCR (Fig. 4C) .
These observations led us to examine the ability of ESRRG to induce mRNA markers of brown fat in OP9 cells, a white adipocyte cell culture model (55) . Transiently transfected Esrrg could upregulate the expression of the BAT markers Ucp1, Cidea, and Pgc-1␣ in differentiated OP9 adipocytes, while downregulating the WAT marker resistin (Fig. 4, D and E) . ESRRG had no effect in undifferentiated OP9 preadipocytes, suggesting the requirement for an adipocyte-specific co-regulator (Fig. 4D) .
BAT gene expression can be induced in white adipocytes by the PPARG agonist rosiglitazone. (36) Rosiglitazone similarly induced BAT markers as well as Esrrg in differentiated OP9 adipocytes (Fig. 4F) . To determine whether induction de- Fig. 3 . The function of an organ can be predicted from the GO biological process terms assigned to genes ranked by their specificity of expression in the organ. Representative, significant functions for a number of organs are shown here with their GO accession number and P value. Significance thresholds were defined by setting a false discovery rate to 5%. The full lists of GO terms are provided in the Supplementary Table S2 .
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Physiol Genomics • doi:10.1152/physiolgenomics.00116.2012 • www.physiolgenomics.org pends upon Esrrg, we applied 4-hydroxytamoxifen (4-OHT), an ESRRG antagonist (11) . The drug suppressed the rosiglitazone-mediated induction of Ucp1 and Cidea (Fig. 4F) . Esrrg was likewise suppressed, which suggests either that ESRRG regulates its own expression in a positive feedback loop or that 4-OHT acts on another target that regulates Esrrg expression. Unfortunately, efforts to transfect OP9 cells with shRNA constructs, as an alternative means to knockdown ESRRG activity, were unsuccessful.
Mice subjected to the cold induce BAT genes in WAT. After housing for 3 days at 4°C, Ucp1 and other BAT markers were upregulated up to 10-fold in the WAT. The upregulation was abrogated by 4-OHT, which is consistent with a role for Esrrg in the induction of BAT in WAT (Fig. 5A) . Visual inspection during gross dissection suggested that there was more intrascapular BAT after cold exposure, but the expression of Ucp1 and other markers was only slightly upregulated or unchanged (Fig. 5B ). 4-OHT may not inhibit Ucp1 expression in BAT because Esrrg is expressed an order of magnitude higher than in WAT (Fig. 4C) . Alternatively, BAT may have redundant mechanisms for Esrrg, just as it has for Pgc-1␣, which is necessary for the expression of Ucp1 and other brown markers in WAT but not BAT (22) . Treated mice maintained normal body temperature while housed in the cold, consistent with the maintenance of Ucp1 expression in BAT.
Srebf1 induces brown adipocyte gene expression in cultured myoblasts. ESRRG induces BAT gene expression in adipocytes, but Esrrg is also highly expressed in mitochondriarich tissues that have no UCP1 (Fig. 6A) . White adipocytes may possess a co-regulator that renders them competent to express BAT markers in the presence of ESRRG. A hypothetical coregulator should be expressed more specifically in white and brown adipose tissue than mitochondrial-rich organs. Prdm16 is probably not the co-regulator, as the brain, heart, and kidney express the gene, albeit at lower levels than in BAT (Fig. 6A) . A bioinformatic screen was designed for genes that have negative tissue-specific Z-scores in WAT and BAT and positive Z-scores in brain, heart, muscle, and kidney. The screen yielded 614 annotated probe sets representing 564 unique genes, including 53 transcriptional regulators (Supplementary Table S4 ). Srebf1 was selected for further analysis in a muscle cell culture model because its expression pattern closely resembled the criteria for the hypothesized Esrrg co-regulator (Fig. 6B ). In addition, Srebf1 regulates lipogenesis in adipocytes (38) , which suggested that it could regulate additional pathways in BAT. Of two alternatively spliced forms, Srebp-1a and -1c, Srebp-1c was chosen for transfection because it is the predominant isoform in white and brown adipocytes (42) . Transfection of C2C12 myoblasts with Srebp-1c significantly induced the expression of Ucp1, other BAT markers and Esrrg (Fig. 6C) . If SREBP-1c and ESRRG act together to induce brown adipocyte gene expression, then inhibition of ESRRG should repress the induction in C2C12 cells by SREBP-1c. Consistent with this hypothesis, 4-OHT abrogated the upregulation of BAT markers by SREBP-1c, just as it did in OP9 cells and in the WAT of cold-exposed mice. RNAi knockdown of Esrrg likewise repressed the induction of BAT markers by SREBP-1c, whereas a control shRNA had no effect. SREBP-1c had no effect on the expression of the myocyte-specific marker tropomyosin 1 alpha (Tpm1) (Fig. 6C) . Although the results indicate that Srebp-1c and Esrrg are needed together to induce BAT markers in C2C12 myoblasts, they cannot differentiate between direct and indirect mechanisms of regulation.
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DISCUSSION
"Big data" are revolutionizing the process of genetic discovery. Whereas an investigator once had to perform an experiment to garner a genetic foothold into a phenotype, one can now mine public databases for the first, key lead. In this way, CD44, a macrophage cell-surface receptor, was discovered to be essential to the inflammatory cascade in adipose tissue that leads from obesity to insulin resistance (23) . Most scientists, however, lack the computational and statistical skills required for mining complex datasets. Hence, an experiment such as a linkage analysis or molecular biologic screen remains the first step to generate a list of candidate genes. Prioritization of the genes for subsequent validation is the next step. In lieu of or in addition to preconceived criteria, an investigator may want to take advantage of unrecognized patterns in public databases that involve the genes, which several web-based tools help to do (30) . For example, a deletion at chromosome 6q24-q25, which contains 105 genes, is associated with congenital heart defects. Endeavor, a bioinformatic prioritization tool, identified TAB2 as the gene most likely to underlie the phenotype. Additional experiments in zebrafish and analyses of human patients verified the prediction (48) . More than a dozen algorithms, which utilize different data sources, offer a userfriendly means to gene prioritization (30) . Some investigators, however, may seek even greater flexibility than available with web-based tools but not want to write their own software code. The present work offers an intermediate solution that allows one to develop customized searches or perform ones on a spreadsheet that ranks the tissue specificity of gene expression in multiple organs. Based on knowledge of organ physiology, we sorted the spreadsheet to discover roles for two transcription factors in regulating BAT gene expression.
Our results demonstrate how GEO data mining using conceptually simple, nonparametric statistics can reveal meaningful genes and patterns. The reasons why we chose a rank-sum method are pertinent to investigators who want actionable insights but may not have sophisticated statistical or bioinformatic capabilities. Microarray data are typically normalized to remove variation that is not of biological interest, but normalization can be a vexing problem even when an experiment is well defined (25, 28) . Normalization of heterogeneous, pooled datasets made more challenging by the presence of outliers, missing data, and systematic errors that may exist in individual datasets. Nonparametric statistics is robust against these issues (35, 49) . Despite the greater statistical power of parametric tests, rank-sum tests applied to aggregated microarray datasets that were classified as being from a particular organ or not clearly identified tissue-specific gene expression patterns. Genes were detected across a wide dynamic range of expression, as shown by the identification of low-expressed transcription factors with organ-specific functions. Hidden higher-order biological patterns were also detected, as shown by the prediction of the specialized functions of organs.
In addition to demonstrating the utility of the statistical approach, the tissue-specificity rank lists for multiple organs can be useful in their own regard. For example, exome sequencing of individuals with a particular phenotype typically yields a list of candidate genes, only one of which is presumed to be functionally significant. One may prioritize the genes based on their specificity rank in the organ pertinent to the phenotype. Many of the highly ranked genes are associated with a disease or mutant phenotype related to the tissuespecific function of a gene. Thus, highly ranked, but as yet unassigned genes could be fruitful targets for investigation.
More broadly, the methodology should be amenable to any biological question that can be addressed by comparison of microarray samples classified into two or more groups, such as a cell type or disease. Of practical value, one can easily incorporate prior biological knowledge to define statistical thresholds in comparative analyses. The resulting rank list of genes can inform the choice of experiments, as shown by the implication of Esrrg and Srebf1 in BAT gene expression.
Numerous methods of microarray data analysis are backed by a substantial literature that assesses the merits of an algorithm by statistical modeling. The validity of the general approach presented here is more difficult to quantify on theoretical grounds because an investigator's judgment is necessary to classify datasets for comparison. One may expect that the inclusion of prior knowledge would enhance statistical power, but how much clearly depends upon the immeasurable quality of the information. We therefore chose to demonstrate the predictive power empirically with a series of simple bioinformatic screens. Esrrg was implicated in the regulation of Ucp1 and other BAT markers by its specificity of expression relative to Prdm16 in the heart and BAT but not WAT. Srebf1 was implicated as an adipocyte co-regulator by its specificity of expression in BAT and WAT but not other ESRRG-rich tissues. In vitro and in vivo experiments support the predicted functions. Neither transcription factor has been directly implicated in the regulation of BAT gene expression (8, 20) , although SREBP-1c has been shown to drive a Pgc-1␣ promoter construct in brown adipocyte cell culture models (17) .
Mechanistic questions remain regarding the role of Esrrg and Srebf1 in the regulation of the BAT phenotype. For example, we cannot conclude that Esrrg or Srebf1 directly regulates Ucp1 gene expression. Either could induce the expression of transcription factors that directly regulate BAT markers. SREBP-1c is not strongly adipogenic in cell culture models (38) , however, which suggests that SREBP-1c does not control a master switch, as PRDM16 does, of BAT gene expression in C2C12 cells (39) . We also note that the positive results of ESRRG and SREBP-1c in the present experiments do not exclude functions for the other transcription factors revealed in the bioinformatic screens. The experimental results do prospectively demonstrate the yield of a bioinformatic strategy based upon straightforward statistical analyses of public microarray data. Other genes that were identified in the same screens as Esrrg and Srebf1 likely have relevant functions. For example, Pgc-1␣ was identified in the screen for genes specific to the heart and BAT but not WAT. Originally cloned from a brown fat cDNA library, Pgc-1␣ is essential to mitochondrial biogenesis and thermogenesis (37, 57 ). In the screen for genes specific to BAT and WAT but not other mitochondrial-rich tissues, Tle3 was represented by two probe sets along with Srebf1 and 51 other transcriptional regulators. Tle3 was discovered in a screen of 18,292 cDNA vectors to co-regulate adipogenesis with Pparg. Cebpa, a positive control in the cDNA screen, was also identified by the bioinformatic screen (52) . One can imagine how the bioinformatic results could have accelerated screening of the cDNA library.
Obviously, no bioinformatic or experimental screen is perfect or all-encompassing. Sensitivity is limited by the design of the screen. For example, the present analyses would not identify ubiquitously expressed genes that regulate BAT gene expression. Specificity is a concern too, but seemingly false positive results could be genes that have functions unintentionally captured by a bioinformatic screen. Hence, the screen that yielded Esrrg included genes that perform mitochondrial functions, which is consistent with the high abundance of mitochondria in the heart and BAT. Despite the limitations, we suggest that they are outweighed by the relative simplicity of the rank-sum approach to public expression microarray data and the consequent ease of extracting biological insights from the output as tabulated on a spreadsheet.
